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Abstract

Knowledge-based learning environments provide
an ideal testbed for developing and evaluating
computational models of mixed initiative inter-
action. In each problem-solving episode, learn-
ers incrementally develop solutions for problems
posed by the environment. To maximize learning
e�ectiveness and learning e�ciency, we have been
developing animated pedagogical agents that dy-
namically provide explanatory advice in response
to changing problem-solving contexts in learn-
ing environments. Animated pedagogical agents
monitor students' problem-solving activities and
intervene with explanations in appropriate con-
texts. When students reach impasses, agents
take control of the interaction and provide appro-
priate assistance. Dynamically controlling com-
plex problem-solving interactions requires ani-
mated agents to make runtime decisions about
when to intervene, how to select the content,
with what level of directness to present hints, and
with which media the advice should be delivered.
This paper outlines some fundamental issues in
mixed initiative problem solving with animated
pedagogical agents and presents implemented so-
lutions to these problems.

Introduction

Mixed initiative problem solving lies at the heart of
knowledge-based learning environments. Since the
birth of the �eld more than twenty-�ve years ago (Car-
bonell 1970), it has become apparent that developing
computational models of mixed initiativity is critical
to the learning environment enterprise. While learn-
ers are actively engaged in problem solving activities,
learning environments should monitor their progress
and provide them with feedback in a manner that con-
tributes to achieving the twin goals of learning e�ec-
tiveness and learning e�ciency. By carefully monitor-
ing students' progress, learning environments should
control the course of the interaction in such a way that

�Support for this work was provided by the IntelliMedia
Initiative of North Carolina State University and Novell
and equipment donations from Apple and IBM.

they maximize the quality of the learning experience
as well as the speed with which learning occurs.

We have recently begun to see the emergence of
a new generation of knowledge-based learning envi-
ronments that are inhabited by animated pedagogical

agents (Rickel & Johnson ; Stone & Lester 1996).
Building on developments in believable agents with
life-like qualities (Bates 1994; Tu & Terzopoulos 1994;
Granieri et al. 1995; Blumberg & Galyean 1995;
Kurlander & Ling 1995; Maes et al. 1995; Andr�e &
Rist 1996), these intriguing interactive characters cou-
ple key feedback functionalities with a strong visual
presence. Introduced immersively into learning envi-
ronments, they observe students' progress and provide
them with visually contextualized problem-solving ad-
vice. Learning environments with animated pedagogi-
cal agents provide an excellent \laboratory" for devel-
oping computational models of mixed initiative inter-
action. By designing an agent, implementing it in a
learning environment, and observing student-agent in-
teractions, we can acquire a body of empirical evidence
which can inform decisions about which intervention
strategies are e�ective and which ones are less so.

Mixed initiative control of animated pedagogical
agents poses many di�cult challenges for agent design-
ers. Agents must be able to track students' activities
through a series of problem-solving episodes, intervene
when appropriate, and provide advice that promotes
learning. Moreover, because agents exhibit multimedia
behaviors|these include both verbal utterances and
physical actions|their successful deployment depends
to a large degree on the extent to which the advice
presented by the agent employs media that are appro-
priate for the context at hand.

To investigate these issues, we are engaged in long-
term research program in animated pedagogical agents.
The current focus of this work is developing be-

havior sequencing engines that dynamically control
the behaviors of animated pedagogical agents in re-
sponse to the rapidly changing problem-solving con-
texts of knowledge-based learning environments. To
produce e�ective interactions, behavior sequencing en-
gines must address two fundamental issues in mixed



Figure 1: Design-A-Plant's animated pedagogical agent, Herman the Bug

initiativity: controlling initiative and providing ex-
planations. We have designed and implemented an
animated pedagogical agent, Herman the Bug (Fig-
ure 1), for Design-A-Plant (Lester et al. 1996;
Lester, FitzGerald, & Stone 1997), a learning environ-
ment in the domain of botanical anatomy and physi-
ology for middle school students.1 The agent interac-
tively provides advice to students as they graphically
assemble plants from a library of plant structures, i.e.,
roots, stems and leaves. In Design-A-Plant, a stu-
dent's goal in each problem-solving episode is to design
a plant that will thrive in a given natural environment
with speci�ed conditions such as the amount of avail-
able sunlight. As they construct plants to solve the
problem, the agent provides them with advice about
botanical anatomy and physiology.
This paper overviews our work in mixed initiative in-

teraction for animated pedagogical agents. It is struc-
tured as follows. We �rst examine two fundamental
problems in mixed initiative problem solving with ani-
mated pedagogical agents in knowledge-based learning
environments. We then outline our solutions to these
problems and describe the behavior sequencing engine
which orchestrates the behaviors of the implemented

1
Design-A-Plant is a multi-disciplinary project in-

volving computer scientists, multimedia designers, anima-
tors, and cognitive scientists. All of the 3D graphics and
animations were designed, modeled, and rendered on Mac-
intoshes and SGIs by a twelve-person graphic design team.

agent of Design-A-Plant. We conclude by describ-
ing evaluations of this agent and discussing current ac-
tivities in the design of animated agents for mixed ini-
tiative learning environments.

Mixed Initiative Interaction

in Learning Environments

For the past twenty-�ve years, researchers in
knowledge-based learning environments have endeav-
ored to create systems that provide highly customized
problem-solving experiences that are tailored to the
individual needs of each student (Anderson, Boyle,
& Yost 1985; Clancey 1987; Collins & Stevens 1982;
Lesgold et al. 1992; Woolf et al. 1987; Hollan,
Hutchins, & Weitzman 1987). While the recent in-
troduction of animated pedagogical agents into learn-
ing environments has created the opportunity to sig-
ni�cantly improve students' problem solving, control-
ling mixed initiative student-agent interactions is an
imposing task. Animated pedagogical agents' behav-
iors are guided by behavior sequencing engines that
select and assemble agents' behaviors in real time. To
cope with rapidly changing problem-solving contexts,
behavior sequencing engines must deal e�ectively with
two fundamental problems in mixed initiative problem-
solving interaction: controlling initiative and providing
explanations.



Controlling Initiative. Student-agent interactions
are characterized by problem-solving episodes where
control of the initiative frequently changes. At the be-
ginning of each episode, students are unfamiliar with
the problem, so the agent should take control and in-
troduce it. For example, in Design-A-Plant, Her-
man describes the environmental conditions that hold
in a particular environment for which a plant will
be designed. Once students begin solving problems,
the initiative typically changes many times. Students
should be able to take control while they are perform-
ing problem-solving actions, agents should regain con-
trol when it appears that students are experiencing
di�culty or when students ask a question, and control
should be relinquished to students so they may con-
tinue their problem solving. For example, in Design-
A-Plant, Herman monitors students as they assemble
plants and intervenes to provide explanations about
botanical anatomy and physiology when they reach an
impasse. Finally, once problem solving is successfully
completed by the student, the agent should again re-
gain control to complete the problem solving trans-
action. This may involve a simple statement that a
correct solution has been proposed or perhaps a more
elaborate congratulatory utterance accompanied by a
visual display. For example, at the end of each suc-
cessful problem-solving episode in Design-A-Plant,
Herman congratulates students.

Providing Explanations. When an animated ped-
agogical agent takes the initiative, it is typically to
provide an explanation. While the surface reason
for the intervention is to provide problem-solving ad-
vice, the deeper reason is to provide students with a
clear explanation of concepts in the domain. It is our
belief that animated pedagogical agents should pro-
vide explanations that are situated (Suchman 1987;
Brown, Collins, & Duguid 1989): they should clearly
communicate fundamental conceptual knowledge and
advice in concrete problem-solving contexts. For ex-
ample, suppose students are interacting with a learn-
ing environment that is designed to provide instruction
about the structure and function of a complex device.
Rather than adopting a didactic approach in which the
nomenclature, components, and processes are intro-
duced in the abstract, the learning environment should
provide students with explanations as they engage in
goal-driven problem-solving activities such as design-
ing a component of the device or diagnosing the de-
vice's malfunctions. To illustrate, when Herman inter-
acts with students using Design-A-Plant, he should
help them learn about leaf morphology in the context
of selecting a particular type of leaf as they design a
plant that will thrive in particular environmental con-
ditions. In addition to situatedness, the agent should
deliver its advice using appropriate combinations of
media. For example, introductions of concepts can
make use of rich visual animations while reminders of

previously presented material can rely on brief verbal-
izations uttered by the agent without disrupting prob-
lem solving.

Mixed Initiative Problem Solving with

Animated Pedagogical Agents

Empirically studying mixed initiative interaction re-
quires three entities:

� Testbed Learning Environment: A learning environ-
ment whose problem-solving is su�ciently complex
to require rich student-agent interactions. To this
end, we have developed a design-centered learning
environment in which students learn by designing
artifacts to satisfy given speci�cations.

� Problem-Solving Context Model: A representation of
the problem-solving context that encodes the critical
features of students' learning episodes. To support
design-centered learning, our context model consists
of an environmental context, artifactual context, and
an advisory context.

� Animated Pedagogical Agent: An implemented life-
like character whose behavior sequencing engine
monitors the model of the problem-solving context
to control the initiative and to provide explanations.
The implemented agent's behaviors are controlled by
a sequencing engine that attends to the state of the
context models.

We discuss each of these in turn.

Design-Centered Learning Environments

To create a challenging testbed for studying mixed ini-
tiative interaction, we have been exploring mixed ini-
tiativity in the context of constructivist problem solv-
ing. Constructivism holds as its most central tenet
that learning is building knowledge structures (Piaget
1954), and one of the most promising techniques in the
constructivist's arsenal is design. Whether it is a child
assembling a house from building blocks, an engineer-
ing student laying out a circuit, or a graduate student
in mathematics constructing an axiomatic theory, the
learner is actively engaged in a process that requires
them to grapple with fundamental issues in their re-
spective domains. Design-centered learning environ-
ments can be developed for domains as diverse as biol-
ogy (e.g., designing plants), chemistry (e.g., synthesiz-
ing compounds), or the social sciences (e.g., building a
society, as in the popular Maxis Sim series).
Design-A-Plant is a design-centered learning en-

vironment we created for botanical anatomy and phys-
iology. Its problem-solving episodes play out as fol-
lows. Students are given an environment that speci�es
biologically critical factors in terms of qualitative vari-
ables. Environmental speci�cations for these episodes
include the average incidence of sunlight, the amount
of nutrients in the soil, and the height of the water ta-
ble. Students consider these conditions as they inspect



components from a library of plant structures that is
segmented into roots, stems, and leaves. Each compo-
nent is de�ned by its structural characteristics such as
length and thickness. Employing these components as
their building blocks, students work in a \design stu-
dio" to graphically construct a customized plant that
will 
ourish in the environment. Each iteration of the
design process consists of inspecting the library, assem-
bling a complete plant, and testing the plant to see how
it fares in the given environment. If the plant fails to
survive, students modify their plant's components to
improve its suitability, and the process continues until
they have developed a robust plant that prospers in
the environment.

A Tripartite Context Model

To achieve e�ective mixed initiative interactions in
learning environments, it is critical to dynamically
model the problem-solving context. Modeling prob-
lem solving is particularly critical in design-centered
learning environments because animated pedagogical
agents must assist students in making decisions that
require them to to consider multiple environmental
factors, multiple components, and multiple constraints
simultaneously. To furnish agents' behavior sequenc-
ing engines with a representation of students' prob-
lem solving, we model problem solving contexts with a
tripartite contextual representation of design episodes
(Lester et al. 1996) that is dynamically maintained by
the learning environment. The model consists of an
environmental context, an artifactual context, and an
advisory context:

� Environmental Context: Critical features of the en-
vironment which have been presented to the student:

{ Current Environment: Environmental factors
(and their values) in the current design episode.

{ Environmental Intent: Associated with each en-
vironment presented to the student is the set of
object types from the artifact library which that
environment is intended to exercise, e.g., some
environments are presented to exercise students'
knowledge of leaf morphology.

� Artifactual Context: Critical features of the artifact
under construction:2

{ Partial Solutions: Selections of components for
the current artifact under construction, e.g., the
student may have completed the roots and leaves.

{ Focused Component: Artifact component to
which the student is currently attending, e.g., the
stem.

{ Design Evaluation: When the student completes
the design, the artifact is evaluated as successful
or not successful in the current environment.

2A detailed discussion of the artifact-based task mod-
eling mechanism may be found in (Lester, FitzGerald, &
Stone 1997).

Time

Behavior Space

Figure 2: Sequencing coherence-structured behaviors

� Advisory Context: Critical features of the advisory
dialogue:

{ Topic: Environmental factors, artifact compo-
nents, constraints, and/or design decisions which
have been been addressed in advice.

{ Frequency Annotations: Indicate the number of
times that the student has been advised about the
topic(s).

{ Problem-Solving Idle Time: Time expired since
the student's last action.

{ Media Annotations: Indicate the media, e.g., au-
dio or animation, that were employed to commu-
nicate the advice.

Animated Pedagogical Agents

To control the initiative and to provide explanations,
we employ the coherence-structured behavior space

framework (Stone & Lester 1996) for sequencing the
behaviors of animated pedagogical agents. Apply-
ing the coherence-structured behavior space framework
(Figure 2) to create an agent entails: (1) constructing
a behavior space, which contains very short animated
segments of the agent performing a variety of actions,
e.g., a gesture or a walk cycle, and (2) constructing
a behavior sequencing engine that creates global be-
haviors in response to the changing problem-solving
context by navigating coherent paths through the be-
havior space and assembling them dynamically.
To provide agents with the 
exibility required to re-

spond to a broad range of problem-solving contexts,
their behavior spaces are populated with a large, di-
verse set of behaviors. Using the the behavior canon of
the animated �lm (Noake 1988) as our starting point,
we build on previous computational models of classical
animation principles (Lasseter 1987) to specify behav-
iors. Behavior spaces contain: manipulative behaviors
(e.g., the agent picks up and manipulates objects), vi-



sual attending behaviors (e.g., the agent watches a stu-
dent perform an action), re-orientation (e.g. the agent
stands up), locomotive behaviors (e.g., the agent moves
from one location to another), gestural behaviors (e.g.,
the agent gestures with its body and arms), and verbal

behaviors (e.g., the agent utters a phrase). In response
to changing problem-solving contexts in Design-A-

Plant, the agent's sequencing engine controls the ini-
tiative by monitoring the tripartite context model and
then providing explanations by selecting and assem-
bling behaviors from its behavior space.

To illustrate, Design-A-Plant's agent, Herman, is
a talkative, quirky, somewhat churlish insect with a
propensity to 
y about the screen and dive into the
plant's structures as it provides students with problem-
solving advice. His behavior space consists of more
than 30 animated behaviors, 160 utterances, and a
large library of runtime-mixable, soundtrack elements.
Throughout the learning session, he remains onscreen,
standing on the plant assembly device when he is inac-
tive (Figure 1) and diving into the plant as he delivers
advice visually. In the process of explaining concepts,
he performs a broad range of activities including walk-
ing, 
ying, shrinking, expanding, swimming, �shing,
bungee jumping, teleporting, and acrobatics. All of
his behaviors are sequenced in realtime on a Power
Macintosh 9500/132.

The behavior sequencing engine monitors the state
of the artifactual context to determine when the stu-
dent requires assistance. If the student makes an incor-
rect design decision (as indicated by his or her partial
solutions), or if the problem-solving idle time exceeds a
threshold, then the agent will take control of the inter-
action. When an intervention is triggered, the sequenc-
ing engine must determine the topic of the advice it will
provide to the student. If the current partial solution
indicates that only a single component is inappropri-
ate for the current environment, the agent will provide
advice about that component. If multiple components
are inappropriate, the sequencing engine inspects the
focused component (the component to which the stu-
dent is currently attending); if this component is incor-
rect, the agent will provide advice about it. Otherwise,
the sequencing engine inspects the environmental in-
tent of the current environment and determines if one
of the inappropriate components is the subject of the
environmental intent. If so, the agent will provide ad-
vice about that component.

Once the decision to take control has been made and
the topic of the intervention has been determined, the
content of the explanation must determined. This de-
cision is governed by presentation strategies that �rst
select the appropriate level of directness of the advice
and then select a communication medium. The direct-
ness spectrum of advisory presentations represents the
degree of explicitness with which presentations inform
students about design decisions. The least direct ad-
vice discusses the information about constraints, e.g.,

the functional relation between environmental factors
and artifact components; the most direct advice sug-
gests a speci�c design decision. While direct advice is
easily operationalized, the opportunity for learning is
reduced, so indirect advice is generally preferred.
The sequencing engine �rst selects a point on the

directness spectrum, and then uses this decision to de-
termine the presentation media. To select a point on
the directness spectrum, four factors are considered:
(1) if the topic of the advice is the environmental in-
tent, indirect advice is preferred; (2) if the student has
advanced to problems of greater complexity, indirect
advice is preferred; (3) if the student is experiencing
di�culty (as indicated by his or her partial solutions),
more direct advice is preferred; and (4) if advice about
a particular topic has already been presented (as indi-
cated by the advisory context), more direct advice is
preferred. The selected level of directness is then used
to make media selection decisions: the more indirect
the advice is, the more likely it will be presented as ani-
mations depicting interactions between environmental
factors and artifact components; the more direct the
advice is, the more likely it will be presented primar-
ily as speech. Finally, the topic, the selected level of
directness, and the selected medium are used to se-
lect behaviors from the behavior space and to assemble
them for exhibition in realtime.

Example Interaction

To illustrate how the behavior sequencing engine con-
trols the initiative and provides advice, suppose that
a student has just completed designing a plant for a
simple environment. The agent now takes the initia-
tive and describes an environment, in which the roots
and leaves are both in focus. The key environmental
factors (those that a�ect objects in the environmental
intent) are a low temperature and a high water table,
which are displayed onscreen.

Animated Agent: \Hooray, a pretty place. It's ab-
solutely lovely. Of course the ground reminds me
of a skating rink. Maybe that's because of the low
temperature and high water table. Make sure that
the stems are thick and well protected and that the
roots and leaves can handle the pretty but harsh
conditions."

To focus on roots and leaves, the agent's in-
troduction gives speci�c advice about the stem
only.

Student: Clicks on the upper portion of the plant con-
struction area to begin working on leaves. Spends
thirty seconds going back and forth with the mouse
from the rollover textual descriptions of the environ-
ment to the rollover textual descriptions of the leaf
choices but cannot make a decision.

The problem-solving idle time threshold is ex-
ceeded. There are three constraints that map



cold temperature to leaf features. Because this
is the �rst time that the student has required
advice during leaf selection in this environment
and leaves are in focus, three animated expla-
nations are played in sequence. They explain
the relationship between cold temperature and
leaf size, leaf thickness, and leaf skin thickness.
These explanations are followed by the �rst an-
imated lesson on leaf anatomy.

Student: Makes two more unsuccessful attempts at
selecting a correct leaf.

The leaf choice still violates a constraint, but
now the student has already seen a detailed an-
imated explanation and has been given a verbal
reminder. Therefore, short direct verbal advice
is given.

Animated Agent: \Why don't you try a small thick
leaf with nice thick skin?"

Evaluation

To gauge the e�ectiveness of the animated agent's
behaviors, formative observational studies were con-
ducted with thirteen middle school students using
Design-A-Plant. Each student interacted with the
learning environment for forty-�ve minutes to one
hour. As the students designed plants for a vari-
ety of environmental conditions, the agent introduced
problems, explained concepts in botanical anatomy
and physiology, provided problem-solving advice, and
interjected congratulatory and o�-the-cu� remarks.
These studies suggest that a behavior sequencing en-
gine that employs a tripartite problem-solving context
model can e�ectively control the initiative and provide
explanations. Herman's verbal reminders enabled stu-
dents to continue with their problem solving uninter-
rupted, and during the study students made frequent
(and unprompted) positive comments about Herman's
physical actions and remarks. The variety of his behav-
iors maintained their interest throughout the sessions,
and Herman's quirky verbal asides were well received.
The study also revealed three problems with the ini-

tial algorithm. First, in the original version, the agent
provided its advice before giving the conceptual ex-
planations. Students tended to forget this advice be-
cause, we hypothesize, there were intervening concep-
tual explanations. The sequencing engine's assembly
mechanism was therefore modi�ed to present problem-
solving-speci�c advice after explanations of fundamen-
tal concepts. Second, students were irritated by the
repetition of the agent's explanations. We therefore
modi�ed the selection mechanism to ensure that expla-
nations would be repeated only if su�cient time had
elapsed. Third, the initial version permitted only iso-
lated explanations to be exhibited, so methods for se-
quencing multiple explanations were developed. Each
of these problems has been addressed in the current
implementation.

Current Directions

The encouraging results from the formative evaluation
set the stage for the next phase of the work. This phase
involves conducting large-scale formal evaluations and
developing a new approach to behavior sequencing that
promises greater 
exibility. With the results from the
formative study in hand, we have set out to conduct a
series of formal evaluations of the cognitive e�ects of
animated pedagogical agents in mixed initiative prob-
lem solving. To this end, we have conducted a for-
mal study of the e�ectiveness of animated pedagogical
agents in di�erent conditions. We recently completed
the data collection in a study involving more than 100
middle school students. While analyses of this data is
still underway, our �rst analyses demonstrate persona
e�ect, which is that the presence of a lifelike charac-
ter in an interactive learning environment|even one
that is not expressive|can have a strong positive ef-
fect on student's perception of their learning experi-
ence (Lester et al. in press).
To complement the cognitive evaluation work, we

have begun developing second generation agents whose
ability to provide e�ective mixed initiative interactions
considerably exceeds their predecessors. In particular,
we are developing agents that: (1) make use of a rich
dialog history; (2) exhibit believability-enhancing be-
haviors that makes them more lifelike (Lester & Stone
in press); (3) exhibit �ne-grained behaviors (as op-
posed to coarse-grained behaviors, each of which is
performed over a longer period of time); and (4) can
accompany students in learning environments whose
topology is created at runtime and that can be navi-
gated by students in the course of their problem-solving
activities. Together, it appears that these capabilities
will signi�cantly increase the quality of mixed initiative
student-agent interactions.

Conclusion

Knowledge-based learning environments can bene�t
considerably from animated pedagogical agents which
engage in mixed initiative problem-solving interactions
with students. This work represents a promising �rst
step toward creating animated pedagogical agents with
the ability to control the initiative and to provide ap-
propriate explanations. By designing animated ped-
agogical agents, introducing them into implemented
learning environments, and empirically evaluating the
e�ectiveness of their initiative control and explana-
tion mechanisms, we can gain signi�cant insight into
the fundamental nature of mixed initiative interaction.
As a result of these e�orts, we can accelerate the the
development of learning environments that e�ectively
promote rich problem solving. More generally, this
methodology promises to hasten the deployment of
human-agent dialog technologies for a broad range of
applications.
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